The purpose of this study was to analyze real crashes involving pedestrians in order to evaluate the potential effectiveness of autonomous emergency braking systems (AEB) in pedestrian protection. A sample of 100 real accident cases were reconstructed providing a comprehensive set of data describing the interaction between the vehicle, the environment and the pedestrian all along the scenario of the accident. A generic AEB system based on a camera sensor for pedestrian detection was modeled in order to identify the functionality of its different attributes in the timeline of each crash scenario. These attributes were assessed to determine their impact on pedestrian safety. The influence of the detection and the activation of the AEB system were explored by varying the field of view (FOV) of the sensor and the level of deceleration. A FOV of 35 was estimated to be required to detect and react to the majority of crash scenarios. For the reaction of a system (from hazard detection to triggering the brakes), between 0.5 and 1 s appears necessary.
Introduction
Every year, more than 1.2 million people in the world die in traffic accidents and among these casualties 22% are pedestrians (WHO, 2013) . This proportion of fatalities that are pedestrians is 14% in Australia and 16% in the EU-15 (OECD/ITF, 2013) . Worldwide organizations such as the OECD (Organization for Economic Co-operation and Development) and the WHO (World Health Organization) have outlined a set of objectives and actions to enhance pedestrian safety. Among these measures, the development of new safety-based technologies in the vehicle is promoted. Passive safety measures such as energy absorbing bumpers and hoods are designed to reduce the injury outcomes for pedestrians. These devices are evaluated under regulatory and non-regulatory tests (EuroNCAP). Along with these passive systems, active safety systems are being developed and introduced to prevent crashes. These active systems use sensors to monitor the forward path of the vehicle in order to detect a pedestrian. Once a hazard is detected, these systems trigger various countermeasures to avoid or mitigate collisions. These measures may include autonomous emergency braking or autonomous steering (e.g., Broggi et al., 2009; Hayashi et al., 2012; Keller et al., 2011a) .
Active safety systems are mainly composed of the three following components: sensors for detection, a unit for processing and actuators for triggering an emergency maneuver. Concerning the first component, in order to detect various obstacles, cameras operating in visible light or infrared radiation (Near, Mid, Far) as well as RADARs and Laser Scanners are used. These different sensors have complementary functions as described by Gandhi and Trivedi (2007) . So the combination of multiple sensors allows more accurate detection. This is achieved by merging and filtering the data collected from the environment in order to distinguish pedestrians from other background obstacles. As soon as pedestrians are detected, they are tracked in order to predict any collision. If a crash is imminent, the system applies the appropriate countermeasure.
Several methods have been developed to assess the effectiveness of these systems and estimate their safety impact on real world crashes. Approaches based on numerical simulation have been explored to assess the effect of systems in various accident scenarios. These scenarios are provided from in-depth crash investigations and are simulated using simple models (Rosén et al., 2010; Seiniger et al., 2013) . More complex methods (probabilistic methods as Monte Carlo) expand the scenarios by slightly varying the initial pre-crash conditions in order to cover a wider range of crash configurations (Lindman and Tivesten, 2006) . Besides computational simulations, researchers are currently attempting to develop standardized on-track tests to assess the performance of these systems. However, these track tests are limited in numbers of test scenarios even if they are focusing on reference scenarios defined through cluster and statistical analyses of real world crashes (Ebner et al., 2011; Eckert et al., 2013; Lenard et al., 2014; Wisch et al., 2013) .
Several active systems for pedestrian safety have already been introduced on the market such as the CWAB-PD (Collision Warning with Full Auto Brake and Pedestrian Detection) firstly used in the Volvo S60 MY2011 and the Eyesight system available in Subaru's 2013 models. The regulations and protocols are being developed (Schram et al., 2013) and some studies on the effectiveness of these active systems have been already presented. For example, Lindman et al. (2010) used a simulation based method to conclude that the CWAB-PD system may lead to a reduction of about 30% of all front-end accidents and 24% of pedestrian fatalities. Ando and Tanaka (2013) assessed two systems using "standard tests" (vehicle driving toward a pedestrian dummy positioned on the course). The results attest that the functionality of the systems depends on the vehicle speed to avoid collisions but it is limited at a certain speed (40 km/h). Although these systems are intended to effectively reduce pedestrian injury outcomes, the collision avoidance performance of these systems remains limited.
The objective of this study is to understand the functionality of these active safety systems to prevent pedestrian crashes in terms of detecting the hazard and triggering autonomous emergency braking (AEB). These issues explored in this paper are focused on the implication of using sensors with a wide field of view to detect pedestrians and the compromise between high effectiveness and a low false activation rate (Keller et al., 2011a,b) . This paper will address the problem of defining criteria for AEB activation in terms of: the trigger time for emergency maneuvers, and the remaining distance before impact.
Indeed, these two parameters encompass the most critical aspect of the performance and effects of pedestrian active safety systems because they affect the amount that the speed of the vehicle can be reduced prior to impact. In this study, the trigger times (relative to the time of impact) and the distance before impact at which a system is able to trigger are analyzed through the simulation of real world crash scenarios based on in-depth accident investigation.
Materials and methods
In summary, the study uses a sample of crashes from in-depth accident databases. Each crash in the sample is reconstructed and modeled numerically. In parallel, a model representing the functioning of an AEB system has been established from a bibliographic research. Finally the system's model is coupled to the kinematic of the vehicle preceding the impact in order to evaluate the characteristics of the triggering of an AEB system in the sample of crashes.
Accident data
A sample of one hundred crashes was selected from two in-depth at-scene crash investigation databases: 60 cases were provided by CASR (Centre for Automotive Safety Research, University of Adelaide, Australia) and 40 cases were compiled from the IFSTTAR-LMA crash database (the laboratory of accident mechanism analysis of the French institute of science and technology for transport, development and networks, France). Both of these centers proceed in a similar way to perform in-depth investigations (Girard, 1993; Woolley et al., 2006) . In particular, these in-depth studies consist of investigations by a multidisciplinary team, composed of a psychologist and a technician, and are made on the scene of the accident, at the same time as the intervention of the rescue services. Those performing the survey were asked to collect a maximum amount of data. Generally, this data consisted of the final positions of the vehicles, the marks left on the ground (tyres, fluids, debris, etc.), the point of impact on the vehicle (bonnet, windscreen, etc.), the direction of the impact, the weather conditions, the obstructions and also to collect statements of drivers, witnesses and make a record of any injuries on the basis of the medical report, etc. All these data were then pooled and compared in order to make an initial reconstruction of the accident and to make hypotheses regarding the process involved: direction of travel of the pedestrian, speed of the vehicle, etc. When the reconstruction proposed is in agreement with all indications available, it is adopted as being the most probable scenario. To summarize the data of the reconstruction, a global synthesis of the accident is drawn up by the investigators relating in details the story of the accident.
IFSTTAR-LMA crash cases include investigated accidents occurred between 1995 and 2011 near the townships of Salon-de-Provence and Aix-en-Provence. CASR accidents were investigated in the Adelaide Metropolitan Area in the period April Some examples of these in-depth investigations have already been published (Hamdane et al., 2014) .
The inclusion criteria of the cases used in this study were that the impact location on the roadway was known and the speed of the vehicle could be reliably assessed from standard crash reconstruction techniques.
The accidents were systematically clustered into four distinct groups according to the predominant features of the pre-crash sequence, as they might relate to the performance of the sensing system. These groups were obstacles which hid the pedestrian, curved vehicle trajectory, pedestrian crossing from the sidewalk and pedestrian crossing from the far side of the roadway.
Accident modeling
The first step in each was to graphically reconstruct it. The approximate trajectories of the vehicle and the pedestrian were extracted from the scaled accident diagram provided from the in-depth investigation. Obstacles that mask pedestrians were located also using the diagram. Then, a temporal reconstruction was set up to emulate the kinematics of both the vehicle and the pedestrian from a pre-defined initial state until the impact. The initial conditions of the crash-involved pedestrian and vehicle were defined. As the pedestrian walking speed is often missing in the in-depth accident databases, it was estimated from the speed of the 50th percentile based on the age of the pedestrians (Huang et al., 2008; Montufar et al., 2007; Zhang et al., 2013) and considered as constant (Table 1 ). In particular, the speed change of the pedestrian when he/she starts walking has not been taken into account since this speed variation concerns less than the first half meter of his moving as shown by Zębala et al. (2012) .
Similarly, the vehicle travel speed is also considered as constant over the chain of the pre-crash events in order to "rewind" and retrieve the position of the vehicle at the beginning of the accident scenario. This vehicle speed is given in the in-depth database and it is calculated or estimated using crash reconstruction methods (McLean et al., 1994; Serre et al., 2005) . In cases where the driver did react by a hard braking, a constant braking deceleration was estimated for each accident case according to the road surface condition provided by the in-depth database (for example, the deceleration is assumed to be À8 m/s 2 for dry conditions and À6 m/s 2 for bad conditions). Cases where the driver did brake gently were rejected from this study. Some other cases were added where the vehicle was stopped at an intersection before moving forward and colliding a pedestrian. In these cases, the acceleration of the vehicle was considered constant. When completed, the reconstruction includes the trajectories of both the vehicle and the pedestrian to locate in space and time the pedestrian relative to the vehicle for several seconds prior to the collision.
Active safety system modeling
Most of the systems found on the market use both a camera vision mounted beside the rear view mirror and radar located in the front end of the vehicle behind the grille (Coelingh et al., 2010; Hayashi et al., 2013; Meinecke et al., 2005; Scheunert et al., 2004) . Data flows from the on-board sensors are merged during the vision processing. Sensors described as "time-of-flight sensors" are designed to determine the distance between the vehicle and any obstacle. Imaging sensors are mainly used for detecting and tracking pedestrians (Gandhi and Trivedi, 2007) . Pedestrians are accurately detected by the cameras when they are located less than 40m from the vehicle (Meinecke et al., 2003) . Hence, in the detection algorithm, it is the camera sensor which is the most relevant because it validates the pedestrian presence and the possibility of a collision. Therefore, in this study, it was decided that the detection system could be modeled solely by the camera placed behind the rear view mirror of the vehicle and without taking into account the effect of others sensors such as radar or scanner. It has been also assumed in this study that the camera is not affected by bad weather conditions. This model is also acceptable for stereo cameras located near the rear-vision mirror of the vehicle since these cameras analyze the forward scene by overlapping the view of both lenses.
Camera sensors have been modeled in this study by their range and field of view (FOV). Different FOVs were considered from 20 to 45 in order to evaluate its influence on detection. The range was fixed to 40 m according to the research conducted in the European project SAVE-U (Meinecke et al., 2003) . The other characteristics of the camera like image processing or system lag are ignored since it is very difficult to get the required characteristics in the literature and consequently to model it numerically. Fig. 1 illustrates a configuration of one camera as it has been considered in the accident modeling with a range and a FOV.
Concerning the actuators for triggering an emergency maneuver, they may include autonomous emergency braking and/or steering capabilities. But because the purpose of this paper is focusing on the detection of the pedestrian and the evaluation of the remaining distance before impact, the actuator considered was a generic AEB system. The generic AEB system was modeled with an appropriate level of average deceleration of À8 m/s 2 (Brach and Brach, 2005; Byatt and Watts, 1981; Lechner and Ferrandez, 1990) . This braking deceleration can be associated with "ideal" conditions: dry surface, good tires, efficient brake system and the like.
The brake force was assumed to have a step response excluding the existing system lag and the transient state. Fig. 2 displays this brake model and compares it to a conventional one.
Simulation process
Once the modeling had been set up, all the required components of an accident (crash environment, vehicle, pedestrian, and sensor) were simulated computationally. These components interacted in a customized virtual environment similar to the real world crash scenario (see Fig. 1 ). The simulation emulated the trajectories of both the vehicle and the pedestrian starting from initial conditions until the crash using predefined time-steps. The program accounted for blind spots due to obstacles that mask the pedestrian and computed the instant when the . 2 . Comparison between the current and conventional brake model. pedestrian was detected by the sensor (that is to say located on the sensor's field of view but not hidden). From the simulation, a set of data was extracted describing the characteristics of the accident at different pre-defined events. Data included the location of the pedestrian relative to the vehicle (the forward and lateral position), the speed of the vehicle (taking into account when the drivers accelerate or brake) and the time-to-collision (TTC). This last value is computed from the remaining travel distance before impact for the vehicle and its speed (Van der Horst and Hogema, 1993) .
In this paper, there is a focus on two specific events occurring in the crash sequence: the first instant when the pedestrian is visible by the sensor (considered as detection) and the last moment when the brakes need to be applied to avoid the crash.
For the detection, it is a question of determining the moment when the pedestrian is entirely inside the camera's fields of view and was not masked by any obstacle.
The ability of an AEB system to assist in complete collision avoidance is evaluated with reference to a time in the crash sequence that is the last time-to-brake (LTTB). It corresponds to the time when the vehicle is located at a distance d stop before the impact defined by the following equation:
where V is the vehicle traveling speed (m/s), a is the deceleration that fluctuates depending on the road conditions of the reconstructed accidents (m/s 2 ), d offset is the vehicle longitudinal clearance from pedestrian set at 0.3 m. At this sequence of the crash, an estimation of the avoidance rate of collisions is established for each camera FOV. It is calculated by verifying if the pedestrian is visible at LTTB even if the pedestrian is not yet on the roadway; i.e., it is possible for a system to avoid the crash (depending on the duration that the pedestrian is visible preceding the LTTB which is not measured here). Otherwise, if the pedestrian is out of the FOV or inside but masked by an obstacle, the case is considered mitigated (according to the moment of visibility before the collision) or unavoidable.
Results

Accident reconstruction results
Considering the environment of the crashes, specific factors are challenging the detection of the pedestrians. These factors are clustered into 4 scenarios.
-Scenario 1: pedestrian obscured by an obstacle (traffic, parked vehicle, tree, bin, . . . ). -Scenario 2: pedestrian crossing through or after a turn. -Scenario 3: pedestrian starting crossing from the sidewalk or nearby (from the right of the vehicle in France, from the left in Australia). -Scenario 4: pedestrian crossing from the far side of the roadway (from the left of the vehicle in France, from the right in Australia). Fig. 3 illustrates each of these scenarios and gives their percentage distribution in the accident database.
In order to better understand the relative trajectories between the vehicle and the pedestrian all along the accident scenario, the kinematic parameters were located in space and time. Fig. 4 gives for the 100 accident reconstructions, the pedestrian position relatively to the vehicle position at different times which are respectively 2.5 s, 2 s, 1.5 s, 1 s and 0.5 s before the impact. This figure highlights in particular that until 1.5 s, the positions of the pedestrians relatively to the vehicle are still scattered, and will largely not invoke any response from the AEB system. Then between 1.5 s and 0.5 s, their positions are gathered mainly in front of the vehicle. This period between 1.5 s and 0.5 s TTC appears to be critical.
Moreover, these results show that the lateral position of the pedestrian a short time before collision appears to be very important because at 1 s before the impact, it can be observed that most of the pedestrians are located no more than 3 m of the side of the vehicle. Concerning their longitudinal position relative to the vehicle, the pedestrians are mainly to be found less than 20 m far from the front of the vehicle within 1 s TTC.
The travel speed of the vehicles ranged from 20 to 60 km/h with an average value of 40 km/h (S.D. 20.2 km/h). In 33% of cases, drivers perceive the hazard and then brake before the impact; the average impact speed was 32 km/h. More specifically, 23% of drivers applied the brakes at a TTC greater than 1 s after perceiving the pedestrian located at a lateral distance greater than 0.5 m from the side of the vehicle.
The average walking speed of an adult is about 1.4 m/s (S.D. = 0.39). Yet there is a non-negligible number of running pedestrians representing 24 cases; among that group, 62% are children which raise the running speed average to 3.5 m/s (S.D. = 0.74). The specific scenario of these crashes is running children masked by another vehicle. Half of these running children are coming from the sidewalk. Three cases concern children hit at the beginning of their travel. Fig. 3 . Description of the 4 crash scenarios.
Parameters relevant to pedestrian detection
The detection of the pedestrians in each case is characterized by the time-to-collision (TTC) and the pedestrian location relative to the vehicle (the longitudinal and lateral position) at the first instant of detection. These detection parameters were evaluated for different fields-of-view (FOV) of the sensor: 20 , 25 , 30 , 35 , 40 and 45 . Fig. 5 gives the complementary cumulative frequencies for each of the three kinematic parameters according to the different FOV.
From a general point of view, all the curves never reach 100% since there are about 10% of pedestrians that remain undetected till the crash. These undetected pedestrians are mainly due to a pedestrian location outside the sight of view of the sensor. These cases are collisions on the side of the vehicle.
Concerning the time remaining before the impact, about 60% of pedestrians are visible by sensors with a FOV over 35 at 2.5 s before impact (first time of the simulation). Because the number of visible pedestrian remains quite similar with upper FOV, it appears that the optimum FOV for the camera is above 35 . As important as it is, this optimized FOV is expected to detect beyond 80% of hazards 1 s before impact.
About the remaining distance before collision, it can be highlight that for all FOV more than half of the pedestrians are visible 20 m before the impact and so can be detected. The variation of the FOV has a main role only during the last 20 m with a better visibility according to a wider FOV. An angle of 35 seems to be optimal again. It appears also that 10% of the pedestrians are never visible even with a FOV greater than 35 . 40 m before the impact, only 10% of pedestrians are visible.
Considering the lateral distance, about 50% of pedestrians are visible with a FOV of 20 from a distance in lateral of 2 m. With a FOV greater than 35 , this rate is reached when pedestrians are located above 3 m. For a FOV below of 35 , approximately no pedestrians are visible from a lateral distance of 6 m. If it is considered a pedestrian situated on the far side of the road (i.e., at about 4.5 m in lateral), a FOV lower than 30 allows a visible rate of 10% while for upper FOV, this rate reaches 20%. This rate takes into account all visible pedestrians even if they are not yet on the roadway.
Parameters relevant to AEB performance
The kinematic parameters (TTC, longitudinal and lateral position of the pedestrian) are analyzed at the LTTB. This defines the requirements of an AEB system that can avoid the collision. The AEB performance refers to the crash avoidance rate obtained from the analysis of the 100 reconstructed crashes. Fig. 6 gives the cumulative frequency of the crash avoidance rate as a function of the kinematic parameters according to different sensor's FOV. It appears that 50% of accidents could be avoided if systems are able to be triggered 1 s before the impact with a FOV greater than 35 . With a 20 FOV, the avoidance rate decreases to 40%. A threshold is reached at a LTTB equal to about 1.5 s; beyond this LTTB value, there is little improvement in the rate at which crashes can be avoided. Most challenges concerning crash avoidance occur between 0.5 s and 1.5 s (corresponding to the sharp slope of the curve). With a FOV of 35 or more, this threshold reaches an avoidance rate of 80%. Once more, it seems that this FOV is an optimal value as it includes pedestrians not yet on the roadway.
Regarding the longitudinal distance, if the system could be triggered more than 20 m before the impact, about 60% of accidents in this sample would have been avoided with a FOV of 20 (or 75% with a FOV of 35 or more). Beyond 20 m, there seems to be no more gain in the rate of avoidance.
For the lateral distance, similar patterns are observed except that the threshold corresponds to a distance of approximately 3 m. The avoidance rate is affected by the FOV only at a distance beyond 2 m. At this lateral distance, about 50% of accidents can be avoided.
In order to assess the available time for the system to react, the elapsed time between the instant when the pedestrian is visible (t visible ) and the LTTB was evaluated. Indeed this elapsed time corresponds to the duration available to detect the pedestrian and to trigger an AEB. This duration has been defined by Keller et al. (2011a) as the TTB (time to brake). Fig. 7 shows the evolution of the complementary cumulative frequencies of avoided accidents according to this elapsed time and for the different FOV.
These curves highlight that if the system is ideal, i.e., needs 0 s to react, the avoidance rate is comprised between 70% with a FOV of 20 and 83% with a FOV of 35 .
With a FOV of 35 or more, if the system requires 0.5 s for triggering (like the systems described by (Edwards et al., 2014) ), the avoidance rate decreases to 75%. If the reaction time is 1 s (respectively 2 s) the avoidance rate is 64% (respectively $8%). It is then noted that effectiveness rapidly declines for reaction times above one second.
For fields-of-view above 35 , it is confirmed that the benefits of a system does not improve with increasing fields of view. 
Discussion
This research is based on the understanding of the functioning of pedestrian active safety systems through real world crash reconstructions. A sample of 100 accidents involving pedestrians and passenger cars was gathered in order to illustrate the diversity of world crash configurations. Indeed, the sample is not only covering frontal impact configurations but also including side impacts along the fender of the vehicle.
Modeling the crash scenario depends of the availability of crash data required for the reconstruction. There is inevitably some fuzzy and even missing data to complete the reconstruction of a crash. This matter led to establish assumptions and define a procedure for modeling the different components of an accident in order to realize reliable computational simulations of the crash scenarios. To remove any doubt concerning the robustness of using data from in-depth investigation, a sensitivity study has been made on the assessments of two critical physical parameters: the speed of both pedestrian and vehicle. Results show that a variation of AE10% of these speeds can be neglected on the accident reconstruction. For example, for an accident with a car speed of 11.12 m/s (40 km/h) and a pedestrian walking speed of 1.4 m/s, a car speed variation of AE5 km/h and a pedestrian walking speed variation of AE0.4 m/s induce a position of the pedestrian at LLTB of AE0.4 m on his trajectory. Similar analysis was conducted on the variance of the car deceleration and results show again a marginal effect.
The modeling of the detection function of an active safety system and its implementation in the computational simulation of crash scenarios allows the relevant parameters in detecting pedestrians to be highlighted. It has to be noted that the effect of lighting/weather conditions was not considered in the simulation of the crash scenarios. This constraint concerns more specifically the algorithms of detection and the limits of the technology. Additionally, no sensitivity analysis was conducted in order to assess the false positive rate. This issue is also considered to be related to the algorithms of detection and probably differs from one active safety system to another. To include an assessment of the false positives to the simulation process, it suggests that the analysis should be conducted for a determined system.
In the set of 100 real accidents selected for this research, it appears that not all the pedestrians are visible prior to the crash. The remaining set of not visible pedestrians (about 10%) corresponds mostly with scenarios where vehicles are turning (scenario S2) and obviously cases where pedestrians are masked by obstacles (scenario S1). These scenarios end up with side and front corner impact configurations.
Different FOV were evaluated for the sensor model. The evaluation highlighted that the rate of visible pedestrians is increasing with a wider FOV for the camera. This rate is about 79% for a 20 cone angle while it reaches 92% for a 45 cone angle. Additionally, from a 35 FOV, a threshold in the visibility rate is observed. For example, at 1 s before impact about 80% of pedestrians could be detected with this FOV. Beyond it, the pattern of the visibility rate is similar for any kinematic parameter: the time-to-collision, the longitudinal and lateral pedestrian position relative to the vehicle. These results are complementary and in accordance with those of Rosén et al. (2010) which show a slight reduction of the severely injured (as well as fatality) for camera sensors with a FOV from 40 to 180 . Thus, it can be considered that a FOV of 35 is relevant for pedestrian detection. An expansion of this work could be interesting to study the influence of a 35 FOV on the AEB for vehicle-to-vehicle collisions.
Regarding the triggering issue of an active safety system, the braking maneuvers were considered in this research but not the steering maneuver because this last emergency procedure must be handled with caution. Indeed, it is restricted by a considerable number of factors such as the traffic situation and an available clearance enabling a safe evasive action. Furthermore, drivers' behavior and driving situation in a bend are additional constraints that can cancel the steering maneuver. Moreover, if a front-end collision can be avoided by steering, it can possibly lead to a side collision when the pedestrian keeps moving (Hayashi et al., 2012) .
The deployment of an AEB system (autonomous emergency braking system) was assessed by computing the LTTB (last time to brake). The system lag and the building rate of a full braking (i.e., the transient phase of an AEB system) were not considered in this research because not enough information was available. However, this delay can be taking into account in the processing time (Fig. 7) . For example, adding the braking system delay of 0.5 s to a processing time of 0.5 s leads to increase the elapsed time from the visibility of the pedestrian to the LTTB to 1 s. So, according to Fig. 7 , for a FOV of 35 , it would decrease the avoidance rate from 75% to 63%. This rate could drop off considerably if the sum of the processing time and the delay is above 1 s. Future systems will have to reduce these aforementioned parameters to improve their effectiveness.
Once the LTTB is calculated, it is possible to determine the effect of the FOV of a camera-based system in terms of avoidance or mitigated cases. As for detection, the avoidance rate increase with the FOV until reaching a threshold at 35 . This FOV can avoid approximately 50% of crashes if the system trigger at 1 s before impact. This rate is a little overestimated compared to the literature. Lindman et al. (2010) presented in a case study based on accident data from GIDAS the potential effectiveness of an active safety system developed by Volvo Cars (the CWAB-PD). It was estimated that CWAB-PD autonomous braking could avoid about 30% of all pedestrian accidents.
Concerning the reaction time of an active safety system (from detection of the hazard to the decision making and deployment of the emergency maneuver), the elapsed time between the instant when the pedestrian is visible and the LTTB was studied. During this elapsed time, it could be expected to alert the driver by a warning system (visual and/or audible alarm). Since a driver needs in average 1 s to react (Lee et al., 2002) , only cases with an available time more than 1 s can be considered. Such cases represent 50% of our database. So, among this rate, it is possible to avoid some accidents by prompting a response from the driver.
Finally, the results of this research can be used to establish specifications for an active safety system. Indeed, according to Fig. 7 , it can be observed that the objective of 75% of avoidance rate require 0.5 s of reaction time for a 35 FOV.
Conclusion
The purpose of this paper was to highlight issues and challenges in pedestrian active safety through reconstruction of 100 real accident cases involving a vehicle and a pedestrian. The reconstructed crashes provided information concerning the crash configurations, the travel and impact speeds of vehicles, the velocity of pedestrians and their relative position in time and space, etc. In particular, the time between 0.5 and 1 s appeared as critical for the pedestrian safety.
The functionality of AEB systems were analyzed according to the reconstructed crash cases. The analysis considered different attribute of a system: the detection, reaction and triggering of the brakes. According to these attribute, a system based on a camera with a FOV of 35 appeared relevant in terms of efficiency: high rates in detection ($90%) and avoidance ($75%). Depending on the direction taken in using the graphs established in this research, it is possible to evaluate the efficiency of active safety systems as well as to define their specifications.
Next work will concern the evaluation of active safety systems in terms of crash mitigation (i.e., their potential effects on casualty reduction). The decrease of the impact speed induced by these systems will be assessed in order to identify the potential benefit of these systems on casualty reduction. This analysis will be carried using risk curves derived by logistic regression of the accident data. A coupled approach joining active and passive safety systems can be added in the future to establish assessed risk curves.
